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Abstract 
In the paper, two tools are used for estimation of second virial coefficient for gases and the obtained results are 
compared with the experimental data. The first tool is the computer program for estimation of second and third virial 
coefficients for gases and gas mixtures from basic properties of components. The computer program incorporates two 
empirical methods, the Tsonopoulos method to estimate second virial coefficients for nonpolar to polar pure gases 
and gas mixtures, and the method of Orbey and Vera to estimate third virial coefficients for nonpolar pure gases and 
gas mixtures. The second tool is the artificial neural network model (ANN) for correlation and prediction of second 
virial coefficients for gases. The neural network model was developed with the training variables: critical 
temperature, critical pressure, critical volume, acentric factor, dipole moment and temperature with the learning 
method back propagation of errors according to the best prediction error. The target variable was the second virial 
coefficient of gas. The neural network model has architecture (6,10,4,1). The training error was 0.3 %. The network 
predicts the second virial coefficient with the average prediction error of 1.3 %. The second virial coefficients for 
twenty gases are estimated with both tools. The comparison of results with experimental data shows that the 
computer program based on empirical methods, and the neural network model are appropriate tools for second virial 
coefficient prediction for gases, but more accurate results are obtained with the neural network model which gives 
good predictions of second virial coefficients for every gas. 
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1. Introduction 
The p-V-T behavior of gases is very often represented by the theoretically-based virial equation of 
state [1] 
 
  21 VCVBTRVp                                                                                                     (1) 
 
where T is the absolute temperature and R the gas constant. B, C } are temperature dependent second, 
third } virial coefficients. 
Virial coefficients can be determined experimentally by p-V-T measurements, speed of sound 
measurements, Joule-Thomson measurements, refractive index and relative permittivity measurements, 
gas mixing measurements, solubility measurements in compressed gases and gas-liquid chromatography 
measurements. Anyway, the experimental determination of the coefficients is very expensive and time-
consuming. There exists several critical compilations [2,3,4,5] of experimentally determined second and 
third virial coefficients, but the values of virial coefficients needed to solve specific problems cannot be 
found very often. The second possibility to evaluate virial coefficients is derivation of coefficients from 
molecular theory. The expressions for coefficients, obtained in that way, are very complicated even for 
simple substances.  
Simpler and faster way to estimate virial coefficients is the correlation and prediction of virial 
coefficients with empirical methods or neural network model. 
The article is comparing the effectiveness of the second virial coefficient prediction with the 
computer program based on empirical methods, and with the neural network model. 
2. Presentation of both tools 
2.1 Computer program based on empirical methods 
The computer program Vircoff is a tool for second and third virial coefficients prediction for pure gases 
and mixtures [6]. Two empirical methods are incorporated in the program for quick estimation of virial 
coefficients for gases and gas mixtures. The first one is Tsonopoulos method which is used to estimate 
second virial coefficients B for pure components, and second virial cross-coefficients Bij and second virial 
coefficients Bmix for gas mixtures of normal to polar substances. The method classifies chemical 
substances into six possible classes [7,8]. The most appropriate modifications of binary interaction 
parameters kij, needed in evaluation of Bij, are built in the computer program. The second incorporated 
method is the Orbey and Vera’s modification of Chueh and Prausnitz method. The method estimates third 
virial coefficients C for pure components, and third virial cross-coefficients Cijk and third virial 
coefficients Cmix for gas mixtures of normal substances. The efficiency of the chosen methods is similar to 
the one of the other empirical methods for virial coefficient estimation. Anyway, the advantage of these 
methods over other correlations for the second and third virial coefficients is that they are using only 
easily determined parameters (basic properties of components and binary interaction parameters kij). 
Although the computer program can estimate second and third virial coefficients for pure gases and 
gas mixtures, second virial coefficients for twenty pure gases will be estimated only because of 
comparison with neural network prediction of second virial coefficients which can estimate second virial 
coefficients for pure gases at the moment. 
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2.2 Neural network model 
The neural network model [9] for prediction of second virial coefficient B for pure gases were trained for 
twenty chemical substances: methane, ethanol, water, methanol, butane, ethene, butanol, diethyl ether, 
hydrogen, carbon disulfide, carbon dioxide, sulfur hexafluoride, carbon monoxide, chlorine, 
chloromethane, hexane, heptane, ethane, chloroethane and argon. The pure component properties of these 
substances, critical temperature Tc, critical pressure pc, critical volume Vc, acentric factor Z and dipole 
moment P were training variables. Additional training variable temperature T and the property for 
training B were taken from critical compilation of virial coefficients Dymond et al. [4] as recommended 
values of the selected experimental values. The neural network of the architecture (6,10,4,1) was trained 
on 264 objects at performance of 5×10-8 (see Fig. 1). The training error was 0.3 %. The trained network 
was further used to predict second virial coefficient B for 147 objects not used in training to test the 
prediction ability of the neural network model. Testing results show that the network predicts the second 
virial coefficient with the average prediction error of 1.3 %. 
 
Tc pc Vc Z P T
B
1
1
1
 
Fig. 1. Neural network model for the second virial coefficient prediction [9]. 
3. Results and discussion 
We have compared estimated second virial coefficients with experimental data for all twenty gases. The 
Table 1 represents the comparison of average ANN’s and Vircoff ‘s second virial coefficient prediction 
errors for each gas separately according to experimental values of virial coefficients. 
From the Table 1, it could be observed that estimation of virial coefficient with ANN is more 
accurate for eighteen gases: methane, water, methanol, butane, ethene, butanol, diethyl ether, hydrogen, 
carbon dioxide, sulfur hexafluoride, carbon monoxide, chlorine, chloromethane, hexane, heptane, ethane, 
chloroethane and argon. The computer program is slightly more accurate in second virial coefficients 
prediction for ethanol and carbon disulfide. The average Vircoff’s estimation error for all twenty gases is 
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6.6 %. The computer program has prediction error greater than 10 % in case of hydrogen, chlorine, 
chloroethane and argon. If those four gases are excluded, the average computer program estimation error 
is 3.1 %. The average ANN’s estimation error for second virial coefficient prediction for the same twenty 
gases is 1.3 %. 
Table 1. The average ANN’s and Vircoff ‘s second virial coefficient prediction errors for separate gases 
Substance Vircoff’s error (%) ANN’s error (%) 
methane [10] 1.09 0.60 
ethanol [11] 1.39 1.53 
water [12] 4.52 0.70 
methanol [13] 3.65 0.65 
butane [14] 0.82 0.57 
ethene [15] 1.34 0.41 
butanol [16] 7.50 0.27 
diethyl ether [17] 4.93 1.41 
hydrogen [18] 36.22 1.04 
carbon disulfide [19] 5.56 6.67 
carbon dioxide [20] 1.15 0.25 
sulfur hexafluoride [21] 3.38 0.31 
carbon monoxide [22] 5.23 3.54 
chlorine [23] 19.15 2.07 
chloromethane [24] 4.02 0.39 
hexane [25] 1.37 0.39 
heptane [26] 2.08 0.14 
ethane [27] 1.45 0.29 
chloroethane [28] 16.22 2.09 
argon [29] 10.19 1.39 
 
Next figures show some comparisons of the predicted second virial coefficients by neural network 
model and by the computer program with the experimental values for some gases. In all figures, the 
experimental second virial coefficients are shown with blue sign ‘○’, second virial coefficients predicted 
by neural network are represented with red sign ‘U’, and second virial coefficients estimated by the 
computer program Vircoff are presented with green sign ‘’. 
Fig. 2(a) represents experimental and predicted second virial coefficients for methane. Experimental 
values are by Trusler and coauthors [10]. Predicted values obtained by the neural network model deviate 
for 0.6 % from the experimental ones averagely. Average prediction error obtained by the computer 
program is 1.1 %. 
The experimental and the predicted values for argon are presented on Fig. 2(b). Experimental values 
are taken from the paper by Estrada-Alexanders and Trusler [29]. The average prediction errors obtained 
by neural network model and by computer program are 1.4 % and 10.2 % respectively. 
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Fig. 2. (a) experimental [10] and predicted second virial coefficients for methane; (b) experimental [29] and predicted second virial 
coefficients for argon 
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Fig. 3. (a) experimental [24 ]and predicted second virial coefficients for chloromethane; (b) experimental [28] and predicted second 
virial coefficients for chloroethane 
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Fig. 4. (a) experimental [13] and predicted second virial coefficients for methanol; (b) experimental [11] and predicted second virial 
coefficients for ethanol 
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Fig. 5. (a) experimental [12] and predicted second virial coefficients for water; (b) experimental [20] and predicted second virial 
coefficients for carbon dioxide 
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Fig. 6. (a) experimental [25] and predicted second virial coefficients for hexane; (b) experimental [26] and predicted second virial 
coefficients for heptane 
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Fig. 7. (a) experimental [23] and predicted second virial coefficients for chlorine; (b) experimental [18] and predicted second virial 
coefficients for hydrogen 
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Fig. 3(a) shows the experimental and the predicted second virial coefficients for chloromethane. 
Experimental values are by Bottomley and Spurling [24]. The predicted values obtained by ANN deviate 
for 0.4 % from the experimental ones averagely. Average predicted error obtained by the computer 
program is 4 %. 
The experimental and the predicted values for chloroethane are presented on Fig. 3(b). Experimental 
values are taken from paper by Bochmhammel and Mannchen [28]. The average deviation of neural 
network’s predicted values from experimental ones is 2.1 %. The average deviation of computer 
program’s predicted values from experimental ones is 16.2 %. 
Fig. 4(a) shows the experimental and the predicted second virial coefficients for methanol. 
Experimental values are by Kell and McLaurin [13]. The predicted values obtained by ANN deviate for 
0.7 % from the experimental ones averagely. Average predicted error by the computer program for 
methanol is 3.7 %. 
The experimental and the predicted values for ethanol are presented in Fig. 4(b). Experimental 
values are taken from paper by Bich and coauthors [11]. The average deviation of neural network’s 
predicted values from experimental ones is 1.5 %. The average deviation of computer program’s 
predicted values from experimental ones is 1.4 %. 
Fig. 5(a) shows the experimental and the predicted second virial coefficients for water. 
Experimental values are by Kell and coauthors [12]. The predicted values obtained by ANN deviate for 
0.7 % from the experimental ones averagely. Average predicted error obtained by the computer program 
is 4.5 %. 
The experimental and the predicted values for carbon dioxide are presented in Fig. 5(b). 
Experimental values are taken from paper by Duschek and coauthors [20]. The average deviation of 
neural network’s predicted values from experimental ones is 0.3 %. The average deviation of computer 
program’s predicted values from experimental ones is 1.2 %. 
Fig. 6(a) shows the experimental and the predicted second virial coefficients for hexane. 
Experimental values are by Bich and coauthors [25]. The predicted values obtained by ANN deviate for 
0.4 % from the experimental ones averagely. Average predicted error by the computer program for 
hexane is 1.4 %. 
The experimental and the predicted values for heptane are presented on Fig. 6(b). Experimental 
values are taken from paper by Millat and coauthors [26]. The average deviation of neural network’s 
predicted values from experimental ones is 0.1 %. The average deviation of computer program’s 
predicted values from experimental ones is 2.1 %. 
The experimental and the predicted values for chlorine and hydrogen are represented on Fig. 7(a) 
and Fig. 7(b). Experimental values for chlorine are taken from paper by Hohm and Truemper [23]. The 
average prediction errors for chlorine obtained by neural network model and by computer program are 2.1 
% and 19.2 % respectively. Experimental values for hydrogen are taken from paper by Mihara and 
coauthors [18]. The average prediction errors for hydrogen obtained by the neural network model is 1 %, 
and the average prediction error obtained by the computer program is 36.2 %. 
4. Comments and conclusions 
In the article two different tools for second virial coefficient estimation for gases were compared. 
The first one is the computer program Vircoff for second and third virial coefficients estimation for gases 
and gas mixtures which estimates second virial coefficients for normal to polar gases and their mixtures 
with the empirical Tsonopoulos method. The second tool is the neural network model which predicts 
second virial coefficients for gases at the moment. Second virial coefficients for twenty gases were 
estimated with both tools and compared with the experimental values from literature. 
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According to comparison of the average prediction errors for all gases obtained by the computer 
program and by the neural network model with the experimental data, a conclusion can be made that both 
tools are mainly suitable for second virial coefficients prediction for pure gases. The average prediction 
errors for some gases show that the computer program based on empirical method is not appropriate tool 
for second virial coefficients estimation for some types of chemical substances (in our example for 
hydrogen, chlorine, chloroethane and argon). The average prediction error for these four gases by the 
computer program is 20.4 %. Obviously, some new Tsonopoulos classes should be added to Tsonopoulos 
method. On the other hand, ANN’s average prediction error for the same four gases is 1.6 %, and for all 
twenty gases 1.3 %. A conclusion can be made, that the neural network model is a very good tool for 
second virial coefficient prediction for gases. Virial coefficients can be predicted by neural network 
model regardless of the nature of the chemical substances. 
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